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Despite  the  volume  of  literature  afforded  knowledge  work  and  innovations  in  information  and 
communications  technologies  (ICTs),  few  studies  have  examined  the  importance  of  ICTs  to 
knowledge industries and the impact of their availability on firm location decisions. This study will 
evaluate  the  relative  importance  of  ICTs  to  knowledge  intensive  firm  location  for  select  US 
metropolitan  statistical  areas  (MSAs).  Spatial  econometric  estimation  techniques  are  used  to 
construct models from ZIP code level data that describe the relative importance of broadband to 
knowledge  intensive  industries,  as  defined  in  this  study.  A  global  model  is  constructed  for  all 
relevant ZIP code areas across the continental U.S and the results are compared to metropolitan 
specific  models.  In  addition  to  demonstrating  variations  by  metropolitan  area  in  the  relative 
importance of broadband provision, the results suggest that broadband deployment initiatives will 
have  varied  outcomes  on  knowledge  intensive  firm  growth  and  the  subsequent  change  in  the 
industrial composition of regional economies in future years. 
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21. Introduction 
 
  As  regional  economies  strive  to  remain  competitive  in  the  global  information  economy, 
economic development entities at the state and local levels are evaluating important determinants of 
regional  competitive  advantage.  One  determinant  of  competitive  advantage  may  be  the  level  of 
information  and  communications  technology  (ICT)  infrastructure  within  a  region.  Information  and 
communications  technologies  are  widely  recognized  as  an  important  component  of  the  growth  of 
businesses and the development of regional economies (Abler, 1977; Richardson and Gillespie, 1996; 
Mansell and When, 1998; Prekumar, 2000; Hales et al., 2000). Despite this recognition, knowledge of 
how ICTs impact firm location and the relative attractiveness of regions remains largely theoretical and 
speculative.  
Over a decade after the privatization of the Internet and the subsequent explosion in Internet use, 
relatively little is known regarding the linkages between firm location and ICT infrastructure. The 
majority of studies attempting to evaluate this relationship remain largely theoretical and speculative in 
nature (Salomon, 1996; Atkinson, 1998; Moss, 1998; Audirac, 2002; Audirac, 2005). Thus, the impact 
of ICT deployment on firm growth and the related development prospects of regions remain somewhat 
enigmatic. Although the distribution of ICTs, like broadband, is perceived as increasingly ubiquitous, 
disparities persist in the level of infrastructure including the number of providers, and the speeds and 
platforms Internet access is available to end users (Abe, 2000; Grubesic and Murray, 2004; Grubesic 
and Murray, 2005; Grubesic and Horner, 2006). Of particular concern is whether locales with lower 
levels of ICT infrastructure are at a disadvantage for firm retention and attraction, and whether costly 
ICT deployment initiatives are capable of ameliorating this locational disadvantage. 
The current lack of quantitative information combined with the largely invisible nature of ICT 
infrastructure, hampers the efforts of economic development officials and policy makers to generate 
3effective  strategies  to  stimulate  regional  development.  This  is  particularly  important  given  the 
complicating factors surrounding ICTs and regional development. These include non-uniform adoption 
of ICTs by firms, which is related to a variety of spatial, organizational, and social factors (Gibbs and 
Tanner, 1997; Gibbs, 2001). An understanding of the importance of this physical infrastructure, relative 
to  other  location  factors  such  as  transportation  and  labor  force  quality,  is  critically  important  for 
understanding the dynamic geography of regional competitiveness within the United States and the 
larger global information economy.  
  The purpose of this paper is to quantitatively evaluate the relative importance of broadband 
infrastructure to knowledge intensive firm location for metropolitan areas within the continental United 
States. A series of spatial econometric models constructed with ZIP code level data will be estimated 
for the entire U.S and select metropolitan areas of interest. Results illustrate variation in the relative 
importance of this infrastructure and suggest that a one-size-fits all approach to broadband deployment 
is likely to have varying impacts for metropolitan regions, particularly with respect to their ability to 
attract knowledge intensive firms. This is an important consideration for metropolitan areas that are 
seeking to revitalize their industrial base (e.g. Detroit, MI) after the migration of manufacturing jobs to 
other places in the United States and around the world (Thomas, 1990; Digaetano and Lawless, 1999). 
The  following  two  sections  of  this  paper  will  provide  an  overview  of  the  extant  qualitative  and 
quantitative work in this area. This will be followed by a discussion of the seven selected metropolitan 
areas of interest and the data used in the models. The paper will conclude with a discussion of results 







42. Qualitative Studies 
 
A majority of the research evaluating the impact of ICTs on firm location is qualitative in nature 
and takes either a theoretical or case-study approach to this topic. Previous interview-oriented research 
in Silicon Valley and Boston’s Route 128 area (Saxenian, 1994; 2006) has provided case specific 
information about the intricacies of high-technology regions. Theoretical discussions of the eventual 
impact of these technologies on firm location also abound in the literature. In general, it is hypothesized 
that one of three potential outcomes will occur.  The first hypothesis suggests firms will depart en 
masse  from  central  city  locations  (Kutay,  1988a,b;  Salomon,  1996;  Moss,  1998)  because  the 
substitutability of these technologies for face-to-face interactions (Moss, 1998; Steinfield, 2004) and 
transportation  (Salomon,  1996  p.  79)  will  allow  them  to  escape  the  diseconomies  of  central  city 
locations  (Kutay,  1988a,b).  This  school  of  thought  presupposes  a  ubiquitous  distribution  of  ICT 
infrastructure  (Salomon,  1996  p.81)  which  would  allow  firms  to  select  the  least  cost  location 
irrespective of the availability of this infrastructure. The second hypothesis suggests that cities will 
retain their importance as commerce centers, which may be further reinforced because of the uneven 
distribution of this infrastructure (Grubesic and O’Kelly, 2002; Duffy-Deno, 2003). Central to both of 
these  hypotheses  is  their  assumption  about  the  distribution  of  ICT  infrastructure,  which  is  either 
homogeneously distributed or highly clustered in central places.  
However, the heterogeneous distribution of this infrastructure is a well-noted phenomenon in the 
literature  and  this  heterogeneity  is  present  at  a  variety  of  scales,  including  urban  and  rural  areas 
(Strover, 2001; Grubesic and Murray, 2004), between metropolitan areas (Moss and Townsend, 2000; 
Grubesic and O’Kelly, 2002), and within cities (Graham, 1999; Graham, 2002; Grubesic and Murray, 
2002).  Given  this  heterogeneous  distribution  of  infrastructure  and  the  unique  characteristics  of 
metropolitan areas, a third hypothesis posits the impact of ICTs on firm location will be heterogeneous. 
5One important source of variation in impacts is firm industry membership (Atkinson, 1998; Moss, 
1998;  Audirac,  2005),  which  suggests  the  varied  industrial  legacies  of  metropolitan  areas  may  be 
related to the eventual impact of ICT deployment initiatives. 
 
3. Quantitative Studies 
   
Quantitative work in the technology adoption literature further supports the expectation that the 
impact of ICTs on firm location will be heterogeneous. These studies suggest impacts will vary by firm 
size, industry, and metropolitan area size (Forman et al., 2005b). For example, empirical comparisons 
of manufacturing oriented industries and service oriented industries indicated these sectors utilize ICTs 
in different ways (Forman et al., 2005a). The adoption literature also finds the geographic distribution 
of an industry (Forman et al., 2003a; Forman et al. 2003b, Forman et al., 2005c) plays a role in the use 
of  ICTs  by  firms.  These  findings  are  corroborated  by  exploratory  analyses  of  the  coincidence  of 
knowledge intensive firm location and broadband provision which find urban biases in the locations of 
these firms and broadband (Mack and Grubesic, 2009).  In sum, these studies are of particular interest 
to this analysis because of their focus on industry and metropolitan area specific impacts on the relative 
importance of broadband to firm location. These studies suggest broadband deployment initiatives such 
as the national level Broadband Technology Opportunities Program (BTOP)  (NTIA, 2009), which has 
designated funds from the American Recovery and Reinvestment Act of 2009 (H.R. 1) to help provide 
underserved  communities  with  broadband,    are  likely  to  have  heterogeneous  impacts  across 
metropolitan areas.   
Outside of the adoption literature, there is a limited amount of work examining the impact of 
ICTs, like broadband, on firm location (Sohn et al., 2002; Sohn et al., 2003; Sohn, 2004; Hackler, 
2003a). Although these studies represent important initial contributions to this topic, several gaps are 
6evident. One gap is the use of linear regression models estimated via ordinary-least squares (OLS). This 
modeling approach is problematic for several reasons. First, business data are made available in the 
form  of  counts,  and  the  use  of  untransformed  count  data  in  linear  models  violates  the  normality 
assumption  of  linear-normal  models  (Wu,  1999).  Second,  the  results  of  this  study  and  those  prior 
demonstrate the presence of autocorrelation in both broadband provision (Grubesic, 2006; Grubesic, 
2008) and firm data (Maoh and Kanaroglou, 2007; Carroll et al., 2008; Mack and Grubesic, 2009; 
Banasick  et.  al.,  2009)    The  estimation  of  linear  regression  models  in  the  presence  of  spatial 
autocorrelation produces two major problems.  First, it generates biased and inconsistent estimators 
when the model specification should include a spatial lag of the dependent variable (Anselin, 1988).  
Second, it can produce unbiased but inefficient coefficient estimates when spatial structure is present in 
the error term (ibid). Third, theory suggests that feedback exists between firm location and broadband 
provision, or the presence of endogeneity between these two variables. The problem of endogeneity is 
recognized in several quantitative studies related to broadband. This literature suggests the presence of 
an  endogeneous  relationship  between  broadband  and  several  variables  including:  GDP  growth  and 
broadband demand (Holt and Jamison, 2009), broadband deployment and firm productivity (Majumdar 
et al., 2009), and broadband and economic activity (Van Gaasbeck, 2008). Models that fail to account 
for the presence of endogeneity produce inconsistent coefficient estimates (Greene, 2000). A final issue 
with previous empirical work on this topic is the use of proxies of ICT infrastructure such as bandwidth 
capacity (Hackler 2003a, b) and the number of information intensive businesses (Sohn, 2004) in place 
of actual infrastructure data. Although these proxies may capture aspects of potential ICT use, they 
cannot replace real metrics of ICT provision. The use of some of these proxies, such as the number of 
information intensive businesses (Sohn, 2004) is also not feasible for the purposes of this study since 
this proxy represents the dependent variable of interest.  
7The spatial econometric models estimated in this study will fill many of these methodological 
gaps in the current literature regarding the impacts of ICTs on firm location. Although the framework 
presented in the following analysis is not capable of resolving all of the data and statistical problems 
associated with the proposed econometric analysis, it certainly represents a significant methodological 
improvement over prior work, and presents a good foundation for future research in this area. 
 
4. Study Area 
 
  This  study  is  concerned  with  metropolitan  level  differences  in  the  relative  importance  of 
broadband provision to knowledge intensive firms. Six metropolitan areas were selected for further 
analysis  based  on  their  unique  location,  industrial  composition,  and/or  urban  morphology.  These 
metropolitan areas include: the Atlanta-Sandy Springs-Marietta, GA, Boston-Cambridge-Quincy, MA-
NH, Columbus, OH, Dallas-Fort Worth-Arlington, TX, Detroit-Warren-Livonia, MI, and the San Jose-
Sunnyvale-Santa Clara, CA metropolitan areas.  
The Boston and the San Jose metro areas are of specific interest because of their divergent high-
tech experiences (Saxenian, 1994; 2006). San Jose is relatively well-known because it is the home of 
Silicon Valley, which experienced tremendous economic growth throughout the 1980s and 1990s. This 
growth is attributed to the area’s semiconductor industrial cluster and growth in supporting knowledge-
intensive firms (ibid). Boston is similar to San Jose because it too has a high technology corridor. 
However, this high-tech focus did not yield the same growth experienced in the Silicon Valley area 
because of the region’s focus on technology development for government contracts and rigid firm 
organizational structure (Saxenian, 1994). Given the different economic experiences of these two areas, 
it is hypothesized that broadband provision will be more important to knowledge intensive firms in the 
San Jose region than the Boston region.   
8  Another metropolitan region where broadband is expected to be of key importance to knowledge 
intensive firms is the Dallas metropolitan area. For instance, Dallas came in second place on the Milken 
Institute’s  Tech-Pole  Index  (Milken  Institute,  1999),  which  includes  some  of  the  same  industries 
deemed knowledge intensive in this study such as telecommunications. According to this report, Dallas 
headquartered six of the largest telecommunications services companies in the United States including 
GTE, Nortel, Ericsson, Fujitsu, and Alcatel (ibid, 7). This metropolitan area is also one of the top 
metropolitan areas in the United States in terms of the number of knowledge workers per million 
people  and  their  ability  to  attract  high  technology  industry  (Florida,  2000).  Dallas  bears  some 
similarities to other metropolitan regions in this study in terms of urban form, like Atlanta, because it 
has been identified as a sprawling metropolitan area (ibid). Finally, Dallas has been recognized in 
previous studies as a node of key importance on the Internet backbone (Moss and Townsend, 2000; 
Grubesic and O’Kelly, 2002) and a core broadband area (Grubesic, 2006) that has experienced growth 
over time (Grubesic, 2008). 
Metropolitan  areas  where  broadband  might  be  of  intermediate  importance  to  firms  include 
Atlanta, GA and Columbus, OH.  In part, Columbus was selected not only because of its relatively long 
track-record of empirical evaluation in the literature (Grubesic and Murray, 2002; Grubesic, 2002; 
Grubesic, 2003; Grubesic, 2008), but also its location in a state with a diverse landscape and industrial 
mix,  and  its  growing  telecommunications  presence.  Atlanta  was  chosen  because  it  is  considered  a 
classic  example  of  urban  sprawl,  and  has  subsequently  been  the  subject  of  numerous  case  studies 
(Wheeler,  1986;  Walcott,  2000;  Fujii  and  Hartshorn,  1995).  The  suburban  location  tendencies  of 
business and professional services (which are categorized as knowledge intensive in this study) have 
also been studied for this sprawling metropolitan region (Gong and Wheeler, 2002). These studies 
suggest  broadband  access  may  be  a  particularly  important  communication  tool  for  businesses  and 
9individuals  within  this  area  because  of  the  congestion  costs  associated  with  frequent  face-to-face 
contacts in a city with this kind of urban morphology. 
  Finally,  the  Detroit-Warren-Livonia,  MI  area  was  chosen  because  it  is  an  area  historically 
dominated  by  manufacturing  and  currently  characterized  by  a  decaying  industrial  base.  This 
metropolitan area also suffers from its singular focus on, automobile manufacturing, and subsequent 
deindustrialization in the post-1970 period (Digaetano and Lawless, 1999). Given these characteristics, 
and the results of previous studies which demonstrate Detroit has a competitive disadvantage in the 
growth and attraction of knowledge firms (Mack, 2009), this metropolitan areas is expected to produce 
very different model results from the other metropolitan areas included in this study. 
2003 metropolitan statistical area boundary files from the U.S. Census Bureau were used to 
delineate the spatial extent of the six metropolitan areas of interest. Using these geographic base files, 
ZIP code area membership in a metropolitan area was determined by an intersection procedure in a 
desktop geographic information system.  This selection method was chosen over others because of the 
irregular shape of many ZIP codes.  For example, the use of another procedure such as the “center 
within” approach would have left gaps in the spatial coverage of metropolitan areas of interest. Only 
those ZIP code areas with non-zero values for the dependent variable and the independent variable of 
interest, broadband provision, were considered in this analysis
1. This data constraint and the challenge 
presented by using ZIP codes in spatial analyses (Grubesic, 2008; Grubesic and Matisziw, 2006) were 









2004 ZIP code areas and associated data, used in the econometric models,  were obtained from 
TeleAtlas
2.  This  data  source  contains  2001  and  2006  estimates  for  a  variety  of  demographic  and 
socioeconomic variables, including population, income, and housing units. The 2006 estimates were 
used in this study.  Table 1 contains additional information about the variables used in the construction 
of the models for this study. Appendix A provides the descriptive statistics for all variables of interest 
and Appendix B contains their correlation coefficients.  
The dependent variable is the number of knowledge intensive industries in a ZIP code area in 
2004. Industry level establishment counts by ZIP code area were obtained from ZIP Code Business 
Patterns of the U.S Census Bureau (2009b). The definition of knowledge intensive firms follows the 
definition outlined in Mack (2009). This study defines knowledge intensive firms as the sum of all 
establishments
3 pertaining to the following two-digit NAICS industries: Information (51), Finance and 
Insurance (52), Professional, Scientific, and Technical Services (54), Management of Companies and 
Enterprises (55), and Educational Services (62). 
  The independent variable of interest is the level of broadband provision in a ZIP code area. 2004 
broadband provision data were obtained from the Federal Communications Commission (FCC) Form 
477 database (FCC, 2009). This source includes information for facilities-based providers with 250 
high speed lines (or more) in each state. A facilities based provider is defined as “an entity (including 
subsidiaries and affiliates) that: 1) owns the portion of the physical facility that terminates at the end-
user location as a broadband connection; 2) provisions/equips broadband wireless channels to end-user 
locations over licensed spectrum or over spectrum that the entity uses on an unlicensed basis; or 3) 
                                                        
2 TeleAtlas was formerly GDT.  
3 The U.S. Census Bureau refers to businesses as establishments and defines these as “a single physical location at which 
business  is  conducted  or  services  or  industrial  operations  are  performed.  It  is  not  necessarily  identical  with  a  company  or 
enterprise, which may consist of one or more establishments” (U.S. Census, 2009b). The Census database does not include 
information  about  the  following:  government  entities,  self-employed  individuals,  employees  of  private  households,  railroad 
employees, and agricultural production employees (ibid). 
11obtains  unbundled  network  elements  (UNEs),  special  access  lines,  or  other  leased  facilities  that 
terminate at end-user locations and provisions/equips them as broadband” (FCC, 2009). Despite some 
minor imperfections in this database, which include the inability to ascertain the platform through 
which broadband is provided
4 and a relatively nebulous definition of what connection speeds constitute 
broadband
5, these data are a direct measure of the level of broadband infrastructure present in a given 
area. Thus, the inability to pinpoint the exact speed and platforms at which broadband is provided in a 
given ZIP code area are only minor drawbacks. For more details on the use of these data and their 
limitations, see Grubesic and Murray (2004) or Grubesic (2006). 
  Other independent variables believed to be important to the level of broadband provision include 
transportation infrastructure, the presence of an educated labor pool, the relative “urbanness” of an area, 
and the presence of urbanization economies. Transportation data were obtained from the Bureau of 
Transportation Statistics (BTS).  From airport and highway data contained in this source two derived 
variables for transportation were obtained, aggregate highway mileage in each ZIP code area and the 
shortest distance (in miles) of a ZIP code area from a commercially served airport. The ability to travel, 
particularly  via  airplane,  is  well  noted  as  important  to  firms  of  a  knowledge  intensive  nature, 
particularly those requiring “face-to-face contact and direct collaboration” (Debbage and Delk, 2001 p. 
166; Grubesic, 2009). 
The presence of an educated labor pool is described by two variables, median household income, 
which is a proxy for education, and the growth of the population of persons aged 18 to 65, which is 
meant to characterize the size of a metropolitan area’s labor pool. The relative urbanness of a ZIP code 
area  is  described  by  a  dummy  variable  which  indicates  whether  a  ZIP  area  intersects  a  Census 
                                                        
4 The Form 477 FCC data reports combined information about cable, DSL, and wireless broadband providers (FCC, 2009). 
5 The FCC defines a broadband internet connection as one that permits users to send and/or receive data using the Internet at 
transmission rates of greater than 200 kilobits per second (kbps) in at least one direction (FCC, 2009) 
12delineated urban area.
6 Relative urbanness is also captured by average household size, and the percent 
of housing units that are renter occupied. Previous studies have shown broadband provision has a 
traditional urban bias (Strover, 2001; Grubesic and Murray, 2004) and the use of an urban area dummy 
variable is designed to capture this bias. The subtleties of trends in urban morphology are captured by 
the other measures of urbanness: average household size, percent of renter occupied housing units, and 
percent white. These variables were selected for their potential to capture growth trends in both central 
city locations and suburban metropolitan locations. A negative coefficient on household size and a 
positive coefficient on renter occupied would seem to suggest a central city preference for knowledge 
intensive  firms  while  a  positive  coefficient  on  percent  white  would  suggest  a  suburban  location 
preference. The sign on percent white is likely to be of importance in places that have experienced 
white flight to the suburbs, like Atlanta (Gong and Wheeler, 2002). 
  The final independent variable of interest is the level of urbanization economies. This variable 
was calculated by interacting the dummy variable for urban area with the sum of the natural log of 
broadband provision and aggregate highway mileage in a ZIP code. It is designed to capture the impact 
of  this  critical  infrastructure  on  the  presence  of  knowledge  intensive  firms.  Previous  studies  have 
demonstrated that these firms demonstrate an urban bias similar to that of broadband and that this bias 
may be due to the presence of a greater infrastructure presence in urban areas than elsewhere (Mack 






6 The  Census 2000  “classifies as ‘urban’ all territory, population, and housing units located within an urbanized 
area (UA) or an urban cluster (UC). It delineates UA and UC boundaries to encompass densely settled territory, 
which consists of  core census block groups or blocks that have a population density of at least 1,000 people per 
square mile and surrounding census blocks that have an overall density of at least 500 people per square mile” (U.S. 




As mentioned previously, there are a variety of issues associated with the use of OLS models to 
evaluate the impact of ICTs on firm location. This study represents a major departure from previous 
work in this area because of its use of the FCC Form 477 data, which resolves the prior use of ICT 
proxies in empirical work discussed earlier. The Form 477 data is not considered a surrogate because it 
uses  information  from  facilities-based  providers,  which  is  an  actual  measure  of  broadband 
infrastructure, and thus surrogate measures are not required. In addition to this improvement in data, 
several  other  methodological  issues  are  addressed,  including  endogeneity  in  the  regressors,  spatial 
autocorrelation, and heteroskedastic errors. 
 
6.1 Instrumental variables 
 
  One  of  the  challenges  presented  by  developing  statistical  models  with  broadband  as  an 
independent  variable  is  the  likely  presence  of  feedback  between  firms  and  this  infrastructure.  If 
ignored, this feedback will produce inconsistent coefficient estimates (Greene, 2000). Therefore, this 
study follows the approach of prior broadband studies (Gaasbeck, 2008; Majumdar et al., 2009), and 
uses  an  instrumental  variables  approach  to  account  for  endogeneity  in  the  estimation  results.  The 
selection of instruments was made by specifying two structural equations, one for broadband and one 
for knowledge intensive firms. These equations were specified as follows (Greene, 2000): 
                                                  (1) 
                                                            (2) 
 
Where  = ln of knowledge establishments 
             = ln of broadband provision 
      x = vector of independent variables for knowledge firms 
             z = vector of independent variables for broadband provision 
      ,   are error terms for knowledge firms and broadband respectively    
14 
After specifying these equations, it became evident that household density was a viable instrument for 
broadband provision. Not only was household density significant in the equation for broadband and not 
significant  in  the  equation  for  knowledge  firms,  but,  this  variable  has  been  demonstrated  to  be  a 
significant explanatory variable for broadband in prior studies (Mack and Grubesic, 2009). 
  After finding an instrument for broadband that could be used in the knowledge firm regression 
model, two-stage least squares (2SLS) models for all non-zero continental U.S. ZIP codes and the six 
metropolitan areas of interest were estimated. The Hausman specification test was then used to verify 
the presence of endogeneity (Hausman, 1978)
7. Surprisingly, this test suggested endogeneity was not an 
issue. This counterintuitive result may signify household density is a weak instrument for broadband 
provision. If this is the case, the weak instrument biases the two-stage least squares results towards the 
OLS results and thus causes the Hasuman specification test to fail to reject the use of OLS in favor of 
2SLS  (Hahn  and  Hausman,  2003).  The  issue  of  weak  instruments  is  widely  documented  in  the 
econometric literature (Staiger and Stock, 1997; Stock et al., 2002; Dufour, 2003) and the selection of 
proper instruments is a daunting task that remains a largely unresolved econometric issue (Anselin and 
Lozano-Gracia, 2008).  Thus, despite the counterintuitive result of the Hausman specification test, the 
decision  was  made  to  account  for  endogeneity  in  the  modeling  process  and  proceed  with  spatial 
econometric techniques that account for both endogeneity and spatial autocorrelation in the estimation 
of model parameters. This decision was based on a strong theoretical foundation for believing in the 
presence of an endogenous relationship between the dependent and independent variable of interest, as 
discussed previously with respect to prior broadband studies. The impact of endogeneity on model 
parameters will be evaluated by examining relative changes in model parameters from those obtained 
via OLS. 
                                                        
7 This test is referred to as the Wu-Hausman specification test in Stata. This is because a test developed by Wu 
(1973) is the same as that developed by Hausman. 
156.2. Spatial Autocorrelation 
 
Not  only  was  endogeneity  considered  in  the  modeling  process  but  so  too  was  spatial 
autocorrelation. A preliminary analysis of spatial autocorrelation trends in the dependent variable and 
independent variable of interest suggest autocorrelation is present, although the amount varies across 
the metropolitan areas of interest. Table 2 contains the results of a global Moran analysis
8 (Moran 
1948) of knowledge intensive firms and broadband provision. This table also contains the results of a 
bivariate global Moran analysis (Anselin et al., 2002)
9 where the y variable is the ln of broadband 
provision of neighboring ZIP code areas and the x variable is the ln of knowledge establishments within 
a metropolitan area.  
Positive and significant
10 z-values for both broadband and knowledge firms suggest positive 
spatial autocorrelation.  Broadly interpreted, this suggests that ZIP code areas with similar values (low 
or high) of broadband and knowledge firms tend to be located near one another. The multivariate global 
Moran’s I analysis also demonstrates similarities in the spatial distribution of broadband and knowledge 
firms. These results suggest there is spatial structure in the data that will need to be accounted for in the 
estimation process.  Ignoring spatial autocorrelation can lead to a host of econometric errors. If a spatial 
lag  is  omitted  when  one  should  be  included,  the  OLS  coefficient  estimates  will  be  biased  and 
inconsistent (Anselin, 1988). Failure to account for autocorrelation in the residuals does not produce 
biased coefficient estimates, but it does produce inefficient or inaccurate variance estimates because the 
variance matrix of the disturbance is non-diagonal (ibid, p. 59). There are two primary ways spatial 
structure  may  be  modeled  econometrically  to  avoid  autocorrelation  issues.  A  spatial  lag  of  the 
                                                        
8 For the specification of the global Moran see Anselin (1995). 
9 For the specification of the bivariate global Moran see Anselin et al. (2002). 
10 Significance in this study refers to p-values of 0.05 or smaller. 
16dependent variable or a lag of the error term may be used to measure observations correlated in space.  
These models are specified as follows (Anselin, 1988): 
,                        (3) 
 
  where   and   is a coefficient estimate of the amount of spatial dependence in the 
 
  dependent variable 
 
 
                          (4) 
 
where λ is a coefficient estimate of the amount of spatial dependence in the error term and µ is the 
uncorrelated portion of the error term and is independently and identically distributed (i.i.d) (Odland, 
1988).  While  the  spatial  lag  mode  in  equation  (3)  deals  specifically  with  autocorrelation  in  the 
dependent  variable,  the  spatial  error  model  in  equation  (4)  deals  with  unknown  causes  of 
autocorrelation  such  as  an  omitted  variable  or  functional  form  misspecification  (ibid).  Given  the 
endogeneous nature of the model, and spatial autocorrelation in the variables of interest, a spatial two-
stage  least  squares  (S2SLS)  estimation  procedure  (Anselin,  1988;  Kelejian  and  Robinson,  1993; 
Kelejian  and  Prucha,  1998)  will  be  utilized.  Specifically,  the  model  will  be  estimated  via  the 
generalized  spatial  two-stage  least  squares  (GS2SLS)  procedure  proposed  by  Kelejian  and  Prucha 
(1998). This procedure produces a consistent and asymptotically normal estimator with specified large-
sample properties (ibid).  
It  is  possible  that  the  inclusion  of  a  spatial  lag  may  not  be  sufficient  to  remove  spatial 
autocorrelation in the model and that a spatial error specification may be better. In order to account for 
both  endogeneity  and  spatially  correlated  errors,  models  of  this  type  were  estimated  with  the 
generalized moments estimator proposed by Kelejian and Prucha (1999). The estimator is consistent 
under  certain  conditions  and  does  not  require  the  assumption  of  normality  (ibid).  Further,  their 
estimator of  is nearly as efficient as the ML estimator typically used for SAR models (ibid). The 
17decision to use a spatial error model instead of a spatial lag model will be based on the results of the 
Anselin-Kelejian Test for Residual Spatial Autocorrelation (Anselin and Kelejian, 1997). If the results 
of this test indicate autocorrelation persists after the estimation of a spatial lag model, a spatial error 
model will be estimated and the impact of this specification on the significance of the model parameters 
evaluated. 
 
 6.3 Heteroskedasticity  
 
   A final statistical problem considered in the model estimation process was heteroskedastic errors. 
Post-estimation  tests  for  heteroskedasticity  were  conducted  after  obtaining  two-stage  least  squares 
estimates and suggested non-constant variance was an issue for some metropolitan areas. Given these 
results from the Pagan-Hall test statistic (Pagan and Hall, 1983) three corrections for heteroskedasticity 
were considered. The White correction (White, 1980), which produces a heteroskedasticity-consistent 
covariance matrix irrespective of the source of the heteroskedasticity. The HAC estimator (Kelejian and 
Prucha,  2007)  which  produces  errors  that  are  robust  to  unknown  forms  of  heteroskedasticity  and 
autocorrelation, and the Kelejian-Prucha consistent estimator for heteroskedastic error terms (KP-HET) 
(Kelejian and Prucha, forthcoming). The HAC estimator for this paper considered the use of both 
Epanechnikov (1969) and Triangular kernels. The White and HAC estimators were used in conjunction 
with spatial lag models estimated via S2SLS and the KP-HET correction was used in conjunction with 
spatial error models estimated via the Kelejian and Prucha generalized moments estimator. 
 
6.4 Specification of Weights Matrices 
 
  The spatial econometric techniques discussed in the previous section require the estimation of a 
weights matrix, which is a way to specify spatial structure or spatial dependence in the data. Several 
18options for weights matrices are available
11 and the selection of a weights matrix is an attempt to best 
represent  the  influence  of  the  variable  values  of  surrounding  observations  on  the  observation  of 
interest (Anselin, 1988). The k-nn approach was selected over other options (i.e. rook, queen, distance) 
because of the irregular nature of ZIP code areas (i.e. polygons) and the data constraint requiring that 
the dependent variable and independent variable in their original form must be greater than zero. This 
produced a rather irregular distribution of ZIP code areas for the national level analysis (Figure 1). A 
first-order queen weights matrix constructed from a thiessen tessalation of the ZIP code centroids was 
also considered as a weights matrix option. However, due to the size of the gaps in the map of the 
observations of interest, the thiessen tessalation made very distant ZIP codes “neighbors” particularly 
western states like Nevada, which has very few non-zero ZIP code areas. Given this unsatisfactory 
result, the only decision remaining regarding the proper specification of the weights matrix was the 
number of nearest neighbors to use. 
The number of nearest neighbors at the national level was determined by analyzing the average 
number of neighbors in the queen weights matrix for each of the metropolitan areas of interest. This 
analysis computed a weighted average of the number of neighbors in each metropolitan area where the 
weights were the number of ZIP code areas with a given number of neighbors. This produced an 
average  of  six  nearest  neighbors  in  all  of  the  metropolitan  areas  but  San  Jose.  Thus,  six  nearest 
neighbors was used at the national level and for all of the metropolitan areas but San Jose. A five 






11 For a more thorough discussion of weights matrices please see Anselin (1988). 
197. Estimation Results 
 
  Stata and an alpha version of GeoDaSpace (Anselin and Lozano, 2009) were used to generate the 
output displayed in Tables 2 and 3 and Appendices C-H. Stata was used to generate the ordinary least 
squares and two-stage least squares results and GeoDaSpace was used to generate all of the spatial 
econometric model results. The latter of these two programs is a cutting edge, menu driven interface 
with pre-programmed advanced spatial econometric techniques such as the estimation of generalized  
spatial two-stage least squares models (Kelejian and Prucha, 1998) and the HAC estimator for spatial 
models (Kelejian and Prucha, 2007). Models were estimated in a sequential manner to uncover the 
impact of the statistical problems discussed in the section. All of the two-stage least squares models 
estimated  treat  broadband  as  endogenous,  and  used  household  density  as  an  instrument  for  this 
variable. This estimation process ensured the unique statistical problems of each metropolitan region 
were considered in the construction of the metropolitan level econometric models. 
 
7.1 Global (U.S) Model 
   
Table 3 contains the results of the models developed for the universe of relevant national level 
ZIP codes. Although the size of the coefficient varies, these models reveal that broadband provision is 
important to knowledge intensive firm location, with the elasticity for this variable ranging from 1.5 to 
2.5. A comparison of the various models demonstrates the variability of results by model specification, 
indicating endogeneity is, in fact, an issue.  Further, there are dramatic differences in the size and 
significance  on  the  other  coefficient  estimates.  The  change  of  sign  on  percent  white  and  average 
household size is particularly notable. The best model for this set of ZIP code areas is the S2SLS Error 
model estimated via the Kelejian-Prucha GM estimator. This model explains 64% of the variation in 
knowledge intensive firm location across the United States, and suggests all the variables used in the 
20model  are  significant  determinants  of  knowledge  intensive  firm  location.  These  results  state  that 
knowledge intensive firms prefer to locate in urban areas with smaller households and a larger number 
of renter occupied housing units. The growth of an educated labor pool also has a positive impact on 
provision, as do a greater number of highway miles in a given ZIP code area. These firms prefer to be 
closer to airports, which is not surprising given the findings in the airline literature, which find specific 
industries, like professional, scientific, and technical services (PSTS) have a positive impact on airport 
activity (Alkaabi and Debbage, 2007). 
  Two  particularly  interesting  results  produced  by  this  model  are  the  coefficient  estimates  for 
percent white and urbanization economies. Despite a general urban area preference of these firms, 
urbanization diseconomies do exist. The percent white result suggests that some firms may prefer more 
suburban  areas  within  metropolitan  regions.  This  result  may  have  something  to  do  with  the 
concentration of knowledge intensive firms in both central city and suburban locations, evidence of 
which is found in the models for metropolitan areas (discussed in the next section).  A breakdown of 
global autocorrelation trends described previously via the local Moran (Anselin, 1995) in Figure 2 
demonstrates two location trends in knowledge intensive firms.  First, there appears to be a cluster of 
firms in the central city areas of these metropolitan areas.  Second, this is in conjunction with pockets 
of ZIP code areas with higher numbers of knowledge intensive firms than their neighbors in more 
peripheral areas.  
Finally, these results demonstrate a spatial component is necessary for models of knowledge 
intensive firms. At the national level, the spatial error model was necessary to model autocorrelation. 
The use of this kind of spatial model accounts for unspecified sources of spatial autocorrelation, which 
is  likely  related  to  the  spatial  heterogeneity  in  firm  location  for  the  knowledge  sector  across 
metropolitan areas (Mack, 2009). This suggests metropolitan specific evaluations of this relationship 
21are preferable to a global model where the metropolitan specific sources of autocorrelation end up in 
the  error  term.  A  breakdown  by  metropolitan  area  in  the  following  section  reveals  more  specific 
sources of spatial autocorrelation, specifically autocorrelation in the dependent variable.  
 
7.2 Local (Metropolitan Specific) Models 
 
Table 4 provides a summary of the best models for knowledge intensive firm location. Detailed 
results  for  all  of  the  models  estimated  for  each  of  these  metropolitan  areas  may  be  found  in 
Appendices D-H. The spatial lag model was the most common specification across the metropolitan 
areas.  A  correction  for  heteroskedasticity  was  required  in  both  Atlanta  and  Boston,  although  the 
technique used to produce robust standard. errors varied between the two metro areas. The spatial error 
model  proved  to  be  the  best  model  specification  for  Detroit,  which  exhibits  significant  spatial 
autocorrelation  of  an  unspecified  nature  in  the  error  term.  This  specification  for  Detroit  may  be 
necessary because of a high degree of spatial heterogeneity within this metropolitan area. The Detroit 
metro area has an impoverished urban core and also extremely wealthy suburbs like Bloomfield Hills 
(Linebaugh, 2009). 
Perhaps the most obvious differences across the models are the variations in the size and sign on 
the coefficient for broadband. The elasticities for significant coefficients on broadband suggest a 1% 
increase in the number of broadband providers in a metropolitan area could produce increases in the 
number of knowledge intensive firms between 1 and 2.5%. These results demonstrate heterogeneity in 
the  relative  importance  of  broadband  to  knowledge  intensive  firms  across  metropolitan  areas  and 
suggest this importance is related to the unique characteristics of these areas. Therefore, broadband 
deployment efforts are likely to vary with respect to their attractive pull on knowledge intensive firms. 
This has important implications for places seeking to modify their industrial composition to become 
more competitive in the global information economy. 
22Figure  3  depicts  the  relative  sizes  of  the  coefficient  on  broadband  with  their  respective 
confidence intervals for each of the six metropolitan areas.  A large amount of overlap in the bars for 
each metropolitan area suggests no likely statistical difference in the relative importance of broadband 
to  knowledge  intensive  firms.  This  figure  can  also  help  establish  peer  groups  with  respect  to 
broadband importance. Examination of this figure illustrates Boston, Columbus, and Dallas are closest 
to the national average, whose elasticity suggests a 1% increase in broadband provision will produce a 
2% increase in the number of knowledge intensive firms in that metropolitan area. Atlanta and San 
Jose possess similarities with these three metropolitan areas but may perhaps be considered their own 
peer  group  because  the  coefficient  estimate  on  broadband  is  well  above  the  national  average. As 
expected, Detroit is distinct from all the other metropolitan areas and has a coefficient on broadband 
well below the national average.  
Further comparison of model results with those obtained via OLS demonstrates the differences in 
results produced when the spatial econometric subtleties of each metropolitan area ignored. Table 5 
compares the OLS results for the global and metropolitan areas specific models to their best model 
results. Three things are noteworthy from this comparison. One, the sign and size of the coefficient 
estimates of the best model specification vary greatly from their OLS estimates. Second, the best 
model estimate does not vary in a systematic way from its OLS estimate. In some cases (Columbus, 
Detroit, and San Jose) the OLS model overestimates the size of the coefficient, in other cases (Atlanta, 
Boston,  and  Dallas)  OLS  underestimates  the  size  of  the  coefficient.  This  means  that  one  cannot 
estimate these kinds of models via OLS for simplicity and then state that this is an inflated or deflated 
estimate with certainty because the direction of the bias depends on the metropolitan area. 
Another item worthy of mention is the size and sign on the lag of the dependent variable which 
estimates the spillover effects of knowledge intensive firm development in surrounding ZIP codes. In 
23other words, knowledge intensive firm growth in a ZIP code is related to knowledge intensive firm 
growth in neighboring ZIP code areas. The presence of spillovers suggests a spatial multiplier effect 
(Anselin, 2009) for knowledge intensive firm creation in these metropolitan areas. A spatial multiplier 
means the impact of broadband deployment on knowledge intensive firm growth will be much greater 
for metropolitan areas where this impact is present than metropolitan areas with no spatial multiplier 
effect.  A  multiplier  impact  may  also  identify  metropolitan  areas  with  ability  to  producer  greater 
changes in their industrial composition than metropolitan areas with no evidence of a multiplier impact 
for  knowledge  intensive  firms.  Of  the  six  metropolitan  areas  of  interest,  Boston  and  Columbus 
exhibited  significant  spillovers  in  knowledge  intensive  firm  creation.  This  suggests  broadband 
deployment  efforts  and  other  development  strategies  targeted  at  generating  growth  in  knowledge 
intensive firms in these areas will have a greater impact than the same strategies in other areas. These 
impacts are generated by a kind of ripple effect across ZIP code areas. Growth of knowledge firms in 
one ZIP code generates growth in firms in surrounding ZIP code areas. 
Where  the  other  independent  variables  in  the  model  are  concerned,  highway  miles  are 
consistently  positive  and  significant  for  most  of  the  metropolitan  areas,  as  is  median  household 
income. This suggests knowledge intensive firms prefer accessible areas with an educated workforce, 
since income is a proxy for education in this study. As expected, the coefficient on percent white is 
positive for Atlanta. Percent white is also positive and significant for Dallas, which was identified 
earlier as a sprawling metropolitan area. Average household size and percent renter occupied have the 
expected  signs  across  metropolitan  areas,  although  the  significance  of  these  variables  varies  by 
metropolitan  area.  Both  variables  are  significant  in  Dallas,  Detroit,  and  San  Jose.  Percent  Renter 
occupied is significant in Boston but average household size is not. These results suggest knowledge 
intensive firms prefer central city locations where renters are dominant and housing sizes are smaller.   
248. Discussion and Conclusion 
 
  This paper has estimated spatial econometric models from ZIP code level data to evaluate the 
relative  importance  of  broadband  provision  to  knowledge  intensive  firm  location.  The  modeling 
estimation  process  attempted  to  deal  with  several  methodological  gaps  in  the  current  literature 
including endogeneity, spatial autocorrelation, and heteroskedasticity. Results demonstrate broadband 
provision is important to knowledge intensive firm presence, but that this importance exhibits marked 
variation across metropolitan areas. Of particular interest is the presence of spillovers in knowledge 
firm  presence  in  specific  metropolitan  areas.  These  effects  suggest  policies  designed  to  create 
knowledge intensive firm growth, including broadband deployment initiatives, are likely to yield more 
firm growth in areas with spillover effects than in areas lacking spillover effects. Metropolitan areas 
with spillover effects may also be more likely to change their industrial composition at a faster pace 
than places without these effects, like Detroit.  
  The authors recognize that the granularity of the FCC data used in this study which does not 
contain  more  detailed  information  about  providers,  platform,  or  speed  prevents  more  stringent 
conclusions from being drawn from these data (Holt and Jamison, 2009). However, these data do tell 
us  that  broadband  provision  appears  to  explain  part  of  the  variation  in  knowledge  intensive  firm 
presence across metropolitan areas. Further, the issue of use and availability (Van Gaasbeck, 2008; 
Hold and Jamison, 2009) are not big concerns for the purposes of this study as they may be for studies 
examining productivity impacts or economic growth related to broadband. 
Nevertheless,  the  methodological  framework  provided  in  this  study  may  be  used  to conduct 
sensitivity  analyses  of  these  results  to  more  granular  broadband  data,  as  they  become  available. 
Additional  sensitivity  analyses  of  the  results  discussed  above  may  also  be  tested  with  respect  to 
different weights matrices, such as a distance based weights matrix or a weights matrix with a different 
25number of nearest neighbors. Estimation of industry specific models for these metropolitan areas may 
also help determine whether the patterns uncovered in this study may be explained by very specific 
locational preferences of sub-industries within the knowledge sector.  In sum, the results of this paper 
reinforce  the  notion  that  broadband  and  economic  development  are  linked,  but  the  impacts  of 
broadband vary widely between regions.  As the new FCC Form 477 data, which are reported at the 
census  tract  level  and  include  information  about  broadband  provider  penetration,  speed  and  cost, 
become  available  over  the  next  several  years,  the  ability  to  revisit  these  results  with  the 
methodological framework presented in this paper will likely be worthwhile – providing an clearer 




Abe, G. 2000. Residential broadband. Indianapolis: Cisco Press. 
 
Abler, R. 1977. “The telephone and the evolution of the American metropolitan system” 
in I.S. Pool (ed) The Social Impact of the Telephone.  Cambridge: MIT Press. 
 
Alkaabi, K.A. and K.G. Debbage. 2007. “Air passenger demand and skilled labor 
markets by US metropolitan area,” Journal of Air Transport Management, 13(3), 121-
130. 
 
Anselin, L., and N. Lozano. 2009. “Advanced Spatial Econometrics with GeoDaSpace.” 
Presentation at Association of American Geographers. 2009 Annual Meeting (March 22-
27, 2009) in Las Vegas.  
 
Anselin, L. 2009. “Spatial Regression,” in A.S. Fotheringham and P. Rogerson (eds.), 
Handbook of Spatial Analysis. Thousand Oaks: Sage, pp. 255-275.  
 
Anselin, L. and N. Lozano-Gracia. 2008. “Errors in variables and spatial effects in 
hedonic house price models of ambient air quality,” Empirical Economics, 34, 5-34. 
 
Anselin, L, Syabri, I. and O. Smirnov. 2002. “Visualizing Multivariate Spatial 
Correlation With Dynamically Linked Windows,” URL: http://www.real.uiuc.edu/d-
paper/02/02-t-8.pdf. 
 
Anselin, L. and H.H. Kelejian. 1997. ‘Testing for Spatial Error Autocorrelation in the 
Presence of Endogenous Regressor,” International Regional Science Review, 20(1&2), 
153-182. 
 
Anselin, L. 1995. “Local Indicators of Spatial Association-LISA,” Geographical 
Analysis, 27, 93-115. 
 
Anselin, L. 1988. Spatial econometrics: methods and models. Kluwer:Dordecht. 
 
Atkinson, R.D. 1998. “Technological Change and Cities,” Cityscape, 3(3), 129-70. 
 
Audirac, I. (2005). "Information Technology and Urban Form: Challenges to Smart 
Growth." International Regional Science Review. 28(2): 119-45. 
 
Audirac, I. (2002). "Information Technology and Urban Form”. Journal of Planning 
Literature. 17(2): 212-26. 
 
Banasick, S., Lin, Ge., and R. Hanham. 2009. “Deviance Residual Moran’s I Test and Its 
Application to Spatial Clusters of Small Manufacturing Firms in Japan,” International 
Regional Science Review, 32(1), 3-18. 
 
27Baum, C.F., Schaffer, M.E., and S. Stillman. 2007.  “ivreg2: Stata module for extended 
instrumental variables/2SLS, GMM and AC/HAC, LIML and k-class regression,” 
       http://ideas.repec.org/c/boc/bocode/s425401.html 
 
Carroll, M.C., Reid, N., and B.W. Smith. 2008. “Location quotients versus spatial 
autocorrelation in identifying potential cluster regions,” The Annals of Regional Science, 
42(2), 449-463. 
 
Debbage, K.G. and D. Delk. 2001. “The geography of air passenger volume and local 
employment patterns by US metropolitan core area: 1973-1996,” Journal of Air 
Transport Management, 7, 159-167. 
 
Devol, R.C.  1999. “America’s High-Tech Economy: Growth, Development, and Risks 
for Metropolitan Areas,” Milken Institute 
http://www.milkeninstitute.org/pdf/ross_report.pdf 
 
Digaetano, A. and P. Lawless. 1999. “Urban Governance and Industrial Decline: 
Governing Structure and Policy Agendas in Birmingham and Sheffield, England, and 
Detroit, Michigan, 1980-1997,” Urban Affairs Review, 34(4), 546-577. 
 
Duffy-Deno, K.T. 2003. “Business Demand for Broadband Access Capacity,” Journal of 
Regulatory Economics, 24(3), 359-372. 
 
Dufour, J.M. 2003. “Identification, Weak Instruments, and Statistical Inference in 
Econometrics,” The Canadian Journal of Economics, 36(4), 767-808.  
 
Epanechnikov, V.A. 1969. “Non-parametric Estimation of  Multivariate Probability 
Density,” Theory of Probability and its Applications XIV, 153-158. 
 
FCC. (2009). “Local Telephone Competition and Broadband Deployment,” URL: 
http://www.fcc.gov/wcb/iatd/comp.html.  
 
Forman, C., Goldfarb, A. and S. Greenstein. 2005a. “How Do Industry Features 
Influence the Role of Location on Internet Adoption?” Journal of the Association for 
Information Systems, 6(12), 383-408. 
 
Forman, C., Goldfarb, A. and S. Greenstein. 2005b. “How did location affect adoption of 
the commercial Internet? Global village vs. urban leadership,” Journal of Urban 
Economics, 58, 339- 420.  
 
 
Forman, C., Goldfarb, A. and S. Greenstein. 2005c. “Geographic location and the 
diffusion of Internet technology,” Electronic Commerce Research and Applications, 4, 1-
13.  
 
28Forman, C., Goldfarb, A. and S. Greenstein. 2003a. “Which Industries Use The 
Internet?” Advances in Applied Microeconomics, 12, 47-72. 
 
Forman, C., Goldfarb, A. and S. Greenstein. 2003b. “The Geographic Dispersion of 
Commercial Internet Use,” in S. Wildman and L. Cranor (eds.), Rethinking Rights and 
Regulations:  Institutional Responses to New Communication Technologies. Cambridge: 
MIT Press, pp. 113-145. 
 
Florida, R. 2000. “Competing in the Age of Talent: Quality of Place and the New 
Economy,”  http://www.nga.org/files/pdf/Florida.pdf 
 
Fujii, T. and T.A.Hartshorn. 1995. “The changing metropolitan structure of Atlanta, 
Georgia: Locations of functions and regional structure in a multinucleated urban area,” 
Urban Geography, 16, 680-707. 
 
Gibbs, D. 2001. “Harnessing the Information Society? European Union Policy and 
Information and Communication Technologies,” European Urban and Regional Studies, 
8(1), 73-84. 
 
Gibbs, D. and K. Tanner. 1997. “Information and communication technologies and local 
economic development policies: The British case,” Regional Studies, 31, 765-774.  
 
Gongh, H. and J.O. Wheeler. 2002. “The Location and Suburbanization of Business and 
Professional Services in the Atlanta Metropolitan Area,” Growth and Change, 33(3), 
341-369. 
 
Graham, S. 2002. "Bridging Urban Digital Divides? Urban Polarisation and Information 
and Communications Technologies (ICTS)," Urban Studies, 39(1), 33-56. 
 
Graham, S. 1999. “Global grids of glass: On global cities, telecommunications and 
planetary urban networks,” Urban Studies, 36, 929-949.   
 
Greene, W.H. 2000. Econometric Analysis, Fourth Edition. Upper Saddle River: 
Prentice-Hall, Inc. 
 
Grubesic, T. H. 2009. “Spatial Variations in Broadband and Air Passenger Service 
Provision in the United States,” GeoJournal. (In Press). 
 
Grubesic, T. H. 2008. “Zip Codes and Spatial Analysis: Problems and Prospects,” Socio-
Economic Planning Sciences, 42(2), 129-149. 
 
Grubesic, T.H. 2008. "The Spatial Distribution of Broadband Providers in the United 
States: 1999-2004." Telecommunications Policy, 32(3-4), 212-233. 
 
 Grubesic, T.H. 2006. “A spatial taxonomy of broadband regions in the United States,” 
Information Economics and Policy, 18, 423-448. 
29 
Grubesic, T. H. 2003. “Inequities in the Broadband Revolution,” Annals of Regional 
Science, 37, 263-289. 
 
Grubesic, T.H. 2002. “Spatial Dimensions of Internet Activity,” Telecommunications 
Policy, 26(7-8), 363-387. 
 
Grubesic, T. H. and M. W. Horner. 2006. “Deconstructing the Divide: Extending 
Broadband xDSL Services to the Periphery,” Environment and Planning B, 33, 685-704. 
 
Grubesic, T.H. and T.C. Matisziw. 2006. “On the use of ZIP codes and ZIP code 
tabulation areas (ZCTAs) for the spatial analysis of epidemiological data,” International 
Journal of Health Geographics, 5, 58. 
 
Grubesic, T.H. and A.T. Murray. 2005. “Spatial-Historical Landscapes of 
Telecommunication Network Survivability,” Telecommunications Policy, 29(11), 801 
820. 
  
Grubesic, T.H. and A.T. Murray. 2004. “Waiting for Broadband: Local Competition 
and the Spatial Distribution of Advanced Telecommunication Services in the United 
States,” Growth and Change, 35(2), 139-165. 
 
Grubesic, T.H. and A.T. Murray. 2002. "Constructing the Divide: Spatial Disparities in 
Broadband Access," Papers in Regional Science, 81, 197-221. 
 
H.R. 1. 2009. American Recovery and Reinvestment Act of 2009. URL: 
http://www.govtrack.us/congress/bill.xpd?bill=h111-1. 
 
Hackler, D. 2003a. “High-Tech Location in Five Metropolitan Areas,” Journal of Urban 
Affairs, 25(5), 625-640.  
 
Hackler, D. 2003b. “Invisible Infrastructure and the City,” American Behavioral 
Scientist, 46, 1034-1055. 
 
Hahn, J. and J. Hausman. 2003. “Weak Instruments: Diagnosis and Cures in Empirical 
Econometrics,” The American Economic Review, 93(2), 118-125. 
 
Hausman, J. 1978. “Specification Tests in Econometrics,” Econometrica, 46(6), 1251- 
1271. 
 
Hales, B., Gieseke, J., and D. Vargas-Chanes. 2000. “Telecommunications and Economic 
Development: Chasing Smokestacks with the Internet,” in P.F. Korsching, P.C. Hipple, 
and E.A. Abbott (eds.), Having All the Right Connections: Telecommunications and 
Rural Viability, London: Praeger, pp. 257-276.  
 
30Holt, L. and M. Jamison. 2009. “Broadband and contributions to economic growth: 
Lessons from the US experience,” Telecommunications Policy doi: 
10.1016/j.telpol.2009.08.008. 
 
Kelejian, H.H. and D.P. Robinson. 1993. “A suggested method of estimation for spatial 
interdependent models with autocorrelated errors, and an application to a county 
expenditure model,” Papers in Regional Science, 72, 297-312. 
 
Kelejian, H.H. and I.R. Prucha. forthcoming. “Specification and Estimation of Spatial 
Autoregressive Models with Autoregressive and Heteroskedastic Disturbances,” Journal 
of Econometrics. 
 
Kelejian, H.H. and I.R. Prucha. 2007. “HAC estimation in a spatial framework,” Journal 
of Econometrics, 140, 131-154. 
 
Kelejian, H.H. and I.R. Prucha. 1999. “A Generalized Moments Estimator for the 
Autoregressive Parameter in a Spatial Model,” International Economic Review, 40(2), 
509-533. 
 
Kelejian, H.H. and I.R. Prucha. 1998. “A Generalized Spatial Two-Stage Least Squares 
Procedure for Estimating a Spatial Autoregressive Model with Autoregressive 
Disturbances,” Journal of Real Estate Finance and Economics, 17(1), 99-121.  
 
Kutay, A. 1988a. "Technological Change and Spatial Transformation in an Information 
Economy: 1. A Structural Model of Transition in the Urban System," Environment and 
Planning A, 20(5), 569-93. 
 
Kutay, A. 1988b. “Technological Change and Spatial Transformation in an Information 
Economy: 2. The Influence of New Information Technology on the Urban System," 
Environment and Planning A, 20(6), 707-18. 
 
Linebaugh, K. 2009. “Detroit’s Pain Begins to Spread Into Wealthy Suburbs and 




Mack, E.A. 2009. “Inter-metropolitan and Intra-metropolitan Location Patterns of 
Knowledge Intensive Firms (1999-2004),” Indiana University. 
 
Mack, E.A. and T.H. Grubesic. 2009. “Broadband Provision and Firm Location: An 
Exploratory Spatial Data Analysis,” Tijdschrift voor economische en sociale geografie, 
100(3), 298-315.  
 
Majumdar, S.K., Carare, O. and H. Chang. 2009. “Broadband adoption and firm 
productivity: evaluating the benefits of general purpose technology,” Industrial and 
Corporate Change doi: 10.1093/icc/dtp042 1-34. 
31 
Mansell, R. and U. When. 1998. Knowledge societies: Information technology for 
sustainable development, New York: Oxford University Press.  
 
Maoh, H. and P. Kanaroglou. 2007. “Geographic clustering of firms and urban form: a 
multivariate analysis,” Journal of Geographical Systems, 9(1), 29-52. 
 
Moss, M.L. 1998. "Technology and Cities," Cityscape, 3(3), 107-27. 
Moss, M.L. and A.M. Townsend. 2000. "The Internet Backbone and the American 
Metropolis," The Information Society, 16(1), 35-47.  
 
Moran, P.A.P. 1948. “The Interpretation of Statistical Maps,” Journal of the Royal 
Statistical Society: Series B, 10(2), 243-251.  
 
NTIA. 2009. Broadband Technology Opportunities Program. URL: 
http://www.ntia.doc.gov/broadbandgrants/. 
 
Odland, J. 1988. Spatial Autocorrelation. Beverly Hills: Sage. 
 
Pagan, A.R. and A.D. Hall. 1983. “Diagnostic tests as residual analysis,” Econometric 
Reviews, 2, 159–218. 
 
Premkumar, G. 2000. “Rural Business and Telecommunications Technologies,” in P.F., 
Korsching, P.C., Hipple, and E.A. Abbott, (eds.), Having All the Right Connections: 
Telecommunications and Rural Viability, London: Praeger, pp. 83-100. 
 
Richardson, R. and A. Gillespie. 1996. "Advanced Communications and Employment 
Creation in Rural and Peripheral Regions: A Case Study of the Highlands and Islands of 
Scotland," The Annals of Regional Science, 30(1), 91-110. 
 
Salomon, I. 1996. "Telecommunications, Cities and Technological Opportunism," Annals 
of Regional Science, 30(1), 75-90. 
 
Saxenian, A.L. 2006. The New Argonauts. Cambridge: Harvard University Press.  
 
Saxenian, A.L. 1994. Regional Advantage: Culture and Competition in Silicon Valley 
and Route 128. Cambridge: Harvard University Press. 
 
Sohn, J., Kim, T.J. and G.J.D. Hewings. 2003. "Information Technology and Urban 
Spatial Structure: A Comparative Analysis of the Chicago and Seoul Regions," Annals of 
Regional Science, 37(3), 447-62. 
 
Sohn, J., Kim, T.J. and G.J.D. Hewings. 2002. "Information Technology Impacts on 
Urban Spatial Structure in the Chicago Region," Geographical Analysis, 34(4), 313-29. 
 
32Sohn, J. 2004. “Information Technology in the 1990's: More Footloose or More 
Location-Bound?” Papers in Regional Science, 83, 467-85. 
 
Staiger, D. and J.H. Stock. 1997. “Instrumental Variables Regression with Weak 
Instruments,” Econometrica, 65(3), 557-586. 
 
Steinfield, C. 2004. “Situated electronic commerce: A view as complement rather than 
substitute for offline commerce,” Urban Geography, 25(4), 353-371. 
 
Stock, J.H., Wright, J.H. and M. Yogo. 2002. “A Survey of Weak Instruments and Weak 
Identification in Generalized Method of Moments,” Journal of Business & Economic 
Statistics, 20(4), 518-529. 
 
Strover, S. 2001. “Rural internet connectivity,” Telecommunications Policy, 25, 331- 
347. 
 
Thomas, J.M. 1990. “Planning and Industrial Decline Lessons from Postwar Detroit,” 
Journal of the American Planning Association, 56(3), 297-310. 
 
U.S. Census Bureau. 2009a. “Census 2000 Urban and Rural Classification,”  
http://www.census.gov/geo/www/ua/ua_2k.html.  
 
U.S. Census Bureau. 2009b. “County Business Patterns,”   
http://www.census.gov/epcd/cbp/view/cbpview.html. 
 
Van Gaasbeck, K.A. 2008. “A rising tide: Measuring the economic effects of broadband 
use across California,” The Social Science Journal, 45, 691-699.  
 
Walcott, S.M. 2000. “Corporate headquarters in metropolitan Atlanta 1960-1997: A 
region comes of age,” Southeastern Geographer, 40, 193-208. 
 
Wheeler, J.O. 1986. “Central city versus suburban locations of corporate headquarters: 
The Atlanta example,” Southeastern Geographer, 26, 75-89. 
 
White, H. 1980. “A Heteroskedasticity-Consistent Covariance Matrix Estimator and a 
Direct Test for Heteroskedasticity,” Econometrica, 48(4), 817-838. 
 
Wu, F. 1999. “Intrametropolitan FDI firm location in Guangzhou, China,” Annals of 
Regional Science, 33, 535-555. 
 
Wu, D.M. 1973. “Alternative Tests of Independence Between Stochastic Regressors and 
Disturbances,” Econometrica, 41, 733-750. 
33Table 1: Variable Descriptions
Variable Status Definition Description Hypothesized Sign
Ln Knowledge 
Establishments
1 Dependent Ln of the number of knowledge  Number of knowledge establishments in a ZIP N/A
establishments in a ZIP code in 2004 code
LN Broadband  Independent Ln of the number of broadband  Measure of broadband infrastructure +
Providers providers in a ZIP code in 2004
Ln Median Household  Independent Ln of 2006 household median income Proxy variable for educated labor force +
Income
Urban Area
2  Independent ZIP code area intersects Census defined Proxy variable for location (urban v. rural) +
Membership urbanized area (=1); ZIP code area 
does not intersect an urbanized area (=0).  
Percent White Independent Percent of white population Proxy for suburban location preference +
Average Household  Independent Average number of people in a  Proxy variable for central city location  -
Size household preference
Percent Renter Occupied Independent Percent of housing units that are  Proxy variable for central city location  +
renter occupied preference
Growth Population  Independent Growth of the population ages 18-65  Describes the growth in the size of the  +
18-65 between 2001 and 2006 labor pool
Highway Miles Independent Aggregate number of highway miles Measure of ease of travel via highways to  +
a ZIP code area
Distance from Airport Independent Distance of a ZIP code (in miles) from the  Measure for ability to travel via airplane -
nearest commercial airport for local area businesses
Urbanization  Independent Interaction variable: urban area dummy multiplied  Proxy for urbanization economies associated +
Economies by (Sum of the ln of broadband and aggregate  with infrastructure that is likely important
highway miles) to knowledge intensive firms
1. The number of knowledge establishments in a ZIP code is the sum of establishments in the following two-digit NAICS industries: Information (51), Finance and 
    Insurance (52), Professional, Scientific, and Technical Services (54), Management of Companies and Enterprises (55), and Educational Services (62).
2. An urbanized area consists of core census block groups or blocks that have a population density of at least 1,000 people per square mile and surrounding
census blocks that have an overall density of at least 500 people per square mile (Census Bureau, 2002).





Table 2: Global Moran and Bivariate Moran Analysis 
 












y (ln Broadband Provision), 
x(ln Knowledge Firms) 
Atlanta  11.43** 15.73**  13.28** 
Boston  13.42** 13.38**  12.99** 
Columbus  8.02** 14.69**  11.26** 
Dallas  15.41** 19.29**  16.74** 
Detroit  12.07** 14.47**  13.45** 
San Jose  7.03** 3.66**  4.64** 
All ZIPs  84.32** 138.98**  100.85** 
1. Results are for a 6knn weights matrix, except for San Jose which used a 5knn weights matrix. 
**Significance at the 1% level. 
35Table 3: Model Estimation Results for All Continental U.S. ZIP Codes 
 *Significance at the 5% level. 





S2SLS Lag HAC 
(Kernel Epanech) 




Ln Broadband Provision   1.8316** 1.5301** 2.4908**  2.4908**  2.4908**  2.4908**  1.9921** 
Ln Median Household Income  0.4141** 0.4621** 0.2967**  0.2967**  0.2967**  0.2967**  0.3021** 





0.3508** 0.9039**  0.9039**  0.9039**  0.9039**  0.8352** 
Average Household Size  0.7247** 0.6473** 
 -
0.3361**   -0.3361**   -0.3361**   -0.3361**   -0.3372** 
Percent Renter Occupied  1.5896** 1.7462** 1.2234**  1.2234**  1.2234**  1.2234**  1.8075** 
Growth Population 18-65  0.1967** 0.1895** 0.2209**  0.2209**  0.2209**  0.2209**  0.2560** 
Highway Miles  0.0235** 0.0240** 0.0224**  0.0224**  0.0224**  0.0224**  0.0235** 




















5.0915**   -5.0915**   -5.0915**   -5.0915**   -4.1642** 
Rho (Spatial Lag)        0.0415*  0.0415*  0.0415  0.0415    
Lambda (Spatial Error)                    0.4314 
                       
Adjusted R-squared  0.6437 0.6394 0.6271  0.6271  0.6271  0.6271  0.6402 
Breusch-Pagan  492.52**                  
Pagan-Hall test statistic     111.062**               
Wu-Hausman F test     2.6242                
A-K Res. SA Test        0.2516  0.2516  0.2516  0.2516  0.0104 
A-K LM Test Statistic        386.6  386.6  386.6  386.6  5.48 
p-value        0  0  0  0  0.0193 
 ** Significance at the 1% level. 
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2SLS Lag HAC 
(Kernel 
Epanech
1)  2SLS Lag  2SLS Lag 
2SLS Error 
KP-HET  2SLS Lag 
Ln Broadband Provision   1.9921** 2.4907**  1.9382**  2.1204*  2.183**  1.136**  2.6037** 
Ln Median Household Income  0.3021** 0.0775  1.1494**  0.8337* 0.7268** 1.6094** 0.8003* 
Urban Area  0.5469** 0.7047*  0.52  0.0672  0.2726  0.3607  0.5276 
Percent White  0.8352** 1.1898**  0.5974  0.5946  0.9521**  -0.3323  -0.7567 
Average Household Size   -0.3372**  -0.2786  -0.1072  -0.2766   -0.3294**   -0.4559**  -0.3105* 
Percent Renter Occupied  1.8075** 0.2628  1.3737*  1.1789  1.4589** 2.0544**  2.5133** 
Growth Population 18-65  0.2560** -0.9276  0.2751  0.8689  0.8435  2.1005** 2.1163** 
Highway Miles  0.0235** 0.0352**  0.0579**  0.049**  0.0267**  0.0342  0.0226** 
Distance from Airport   -0.0058**  -0.0054  0.02  0.0125  -0.0069  0.0027  0.0115 
Urbanization Economies   -0.0029**  -0.0156  -0.003  0.0066  -0.0142  0.0153  0.0027 
Constant   -4.1642** 
 -
4.2569**   -15.2444** 
 -
12.1177**   -8.994**   -14.776** 
-
11.2396**
Rho (Spatial Lag)     0.1315  0.2665*  0.3867*  0.0277     0.2451 
Lambda (Spatial Error)  0.4314              0.3813**   
                      
Adjusted R-squared/Pseudo R-
squared  0.6402 0.7939  0.7132  0.8104  0.8024  0.7808    0.849 
Breusch-Pagan                     
Pagan-Hall test statistic                     
Wu-Hausman F test                     
A-K Res. S.A. test  --- 0.0213  ---  -0.0231  0.076  --- 0.1095 
A-K LM test statistic  --- 0.19  ---  0.14 1.56  --- 1.35 
p-value  --- 0.6606  ---  0.7045  0.2117  --- 0.2461 
1. These results were robust to the specification of the kernel. Both Epanechikov and Triangular kernels were considered. 
**Significance at the 1% level. 
*Significance at the 5% level. 













   All ZIPS  Atlanta  Boston  Columbus Dallas  Detroit  San Jose 





2SLS Lag HAC 
(Kernel 
Epanech
1)  2SLS Lag  2SLS Lag 
2SLS 
Error KP-
HET  2SLS Lag 
Ln Broadband Provision (Best 
Model)  1.9921** 2.4907**  1.9382**  2.1204*  2.183**  1.136**  2.411** 
Ln Broadband Provision (OLS)  1.8316** 2.4646**  1.4818**  2.3287** 1.9082** 1.1963** 2.7203** 
Percent Difference from OLS   -8.1% -1.0%  -23.5%  9.8% -12.6% 5.3% 12.8% 
1. These results were robust to the specification of the kernel. Both Epanechikov and Triangular kernels were considered. 
 **Significance at the 1% level. 





Dallas-Fort Worth San Jose
Detroit
High-High High-Low Low-Low Low-High
Spatial Association
Figure 2:  Local Indicators of Spatial Association for Knowledge Intensive Firms by Metropolitan Area







































41Appendix A: Descriptive Statistics for Variables of Interest
Variable Name Obs Mean Std. Dev. Min Max
Urban Area 14,679      0.6219 0.4849 0.0000 1.0000
Average Household Size 14,679      2.5561 0.5646 0.0000 8.0000
Percent White 14,679      0.7925 0.2165 0.0000 1.0000
Percent Renter Occupied 14,679      0.2926 0.1727 0.0000 1.0000
Growth Population 18-65 14,679      -0.3411 0.1743 -1.0000 9.0000
Ln Broadband Provision  14,679      1.9201 0.4246 1.3863 3.0445
Ln Knowledge Intensive Firms 14,679      3.7267 1.4075 0.6932 7.9855
Household Density 14,679      1,034.3120      3,370.0690        0.0000 155,922.3000       
Highway Miles 14,679      16.9507 17.3794 0.0000 244.9494
Distance from Airport 14,679      21.5594 15.8530 0.1366 165.3135
Ln Median Household Income 14,679      10.7176 0.4976 0.0000 12.8347
Urbanization Economies 14,679      8.9692 11.6158 0.0000 146.4890
.


































Average Household Size 0.1043 1
Percent White -0.3279 -0.1652 1
Percent Renter Occupied 0.281 -0.2009 -0.5728 1
Growth Population 18-65 -0.1381 0.0969 0.0747 -0.2764 1
Ln Broadband Provision  0.5883 0.0376 -0.3636 0.3825 -0.1509 1
Ln Knowledge Intensive Firms 0.5061 -0.1398 -0.2108 0.3808 -0.1367 0.7129 1
Household Density 0.2237 -0.043 -0.2754 0.414 -0.1509 0.3023 0.2243 1
Highway Miles -0.3427 -0.0593 0.0661 -0.0841 0.0794 -0.1525 0.0834 -0.1783 1
Distance from Airport -0.5687 -0.0789 0.2841 -0.2764 0.1763 -0.4322 -0.3417 -0.2218 0.346 1
Ln Median Household Income 0.1981 0.1678 0.2429 -0.2584 -0.0069 0.183 0.2176 -0.0122 -0.1135 -0.1115 1
Urbanization Economies 0.6021 0.0938 -0.1428 0.0841 -0.055 0.3594 0.3927 -0.0053 0.2196 -0.2718 0.1136 1
All correlation coefficients are significant at the 1% level.
43Appendix C: Model Estimation Results for Atlanta  
 








S2SLS Lag HAC 
(Kernel 
Triangle) 
Ln Broadband Provision   2.4646** 2.8173** 2.4907** 2.4907**  2.4907**  2.4907** 
Ln Median Household Income  0.1034 0.0416 0.0775  0.0775  0.0775  0.0775 
Urban Area  0.9899** 0.7216 0.7047*  0.7047*  0.7047*  0.7047* 
Percent White 
 -
0.2806* -0.2366 1.1898**  1.1898**  1.1898**  1.1898** 
Average Household Size  1.3240** 1.4458**  -0.2786*  -0.2786  -0.2786  -0.2786 
Percent Renter Occupied  0.3484 0.3502 0.2628  0.2628  0.2628  0.2628 
Growth Population 18-65 
 -
1.0762* -0.9316  -0.9276  -0.9276  -0.9276  -0.9276 
Highway Miles  0.0338** 0.0330** 0.0352** 0.0352**  0.0352**  0.0352** 












4.2569**   -4.2569**   -4.2569**   -4.2569** 
Rho (Spatial Lag)        0.1315  0.1315  0.1315  0.1315 
Lambda (Spatial Error)                   
                    
Adjusted R-squared/Pseudo 
R-squared  0.7811 0.7869 0.7939  0.7939  0.7939  0.7939 
Breusch-Pagan  9.44**                
Pagan-Hall test statistic     21.675*             
Wu-Hausman F test     0.70898             
A-K Res. S.A. test        0.0213  0.0213  ---  --- 
A-K LM test statistic        0.19  0.19  ---  --- 
































**Significance at the 1% level. 
*Significance at the 5% level. 
44Appendix D: Mode Estimation Results for Boston 
 
 






S2SLS Lag HAC 
(Kernel 
Epanech) 
S2SLS Lag HAC 
(Kernel Triangle) 
Ln Broadband Provision   1.4818** 2.2679 1.9382**  1.9382*  1.9382**  1.9382** 
Ln Median Household Income  1.6837** 1.4849* 1.1494**  1.1494**  1.1494**  1.1494** 
Urban Area  0.6432** 0.8439  0.52  0.52  0.52  0.52 
Percent White  -0.1207 -0.0651 0.5974  0.5974  0.5974  0.5974 
Average Household Size  0.3556 0.7036 -0.1072  -0.1072  -0.1072  -0.1072 
Percent Renter Occupied  2.3128** 1.8288 1.3737**  1.3737*  1.3737*  1.3737* 
Growth Population 18-65  0.1816 0.2039 0.2751 0.2751  0.2751  0.2751 
Highway Miles  0.0502* 0.0607 0.0579*  0.0579**  0.0579**  0.0579** 
Distance from Airport  0.008 0.0187  0.02  0.02  0.02  0.02 









15.2444**  -15.2444**   -15.2444** 
Rho (Spatial Lag)        0.2665*  0.2665*  0.2665*  0.2665* 
Lambda (Spatial Error)                   
                    
Adjusted R-squared/Pseudo 
R-squared  0.7123 0.6886 0.7132 0.7132  0.7132  0.7132 
Breusch-Pagan  7.17**                
Pagan-Hall test statistic     29.977**             
Wu-Hausman F test     0.0877             
A-K Res. S.A. test        0.05  0.05  ---  --- 
A-K LM test statistic        0.62  0.62  ---  --- 





























**Significance at the 1% level. 
*Significance at the 5% level. 
 





























   OLS 2SLS  S2SLS  Lag 
Ln Broadband Provision   2.3287** 4.4374**  2.1204* 
Ln Median Household Income  1.2161** 0.4493  0.8337* 
Urban Area  0.4471 -0.0807  0.0672 
Percent White  -0.297 0.1641  0.5946 
Average Household Size  0.2407 1.6708 -0.2766 
Percent Renter Occupied  1.3313 1.1074  1.1789 
Growth Population 18-65  0.6578 1.7423  0.8689 
Highway Miles  0.0432** 0.0341**  0.049** 
Distance from Airport  0.0124 0.0343  0.0125 





13.2088**  -12.1177** 
Rho (Spatial Lag)        0.3867* 
Lambda (Spatial Error)          
           
Adjusted R-squared/Pseudo R-
squared  0.7845 0.722  0.8104 
Breusch-Pagan  0.31       
Pagan-Hall test statistic     6.879    
Wu-Hausman F test     2.8431    
A-K Res. S.A. test        -0.0231 
A-K LM test statistic        0.14 
p-value        0.7045 
**Significance at the 1% level. 
*Significance at the 5% level. 
 
































   OLS 2SLS 
S2SLS 
Lag 
Ln Broadband Provision   1.9082** 3.0431** 2.183** 
Ln Median Household Income  0.8370** 0.4670 0.7268** 






Average Household Size  1.0134** 0.8520*   -0.3294**
Percent Renter Occupied  1.7489** 0.7512 1.4589** 
Growth Population 18-65  0.9713* 0.4392  0.8435 
Highway Miles  0.0280** 0.022** 0.0267** 
Distance from Airport 
 -
0.0109* 0.0022  -0.0069 







7.9065**  -8.994** 
Rho (Spatial Lag)        0.0277 
Lambda (Spatial Error)          
           
Adjusted R-squared/Pseudo 
R-squared  0.7968 0.763  0.8024 
Breusch-Pagan  3.48       
Pagan-Hall test statistic     7.753    
Wu-Hausman F test     3.5487    
A-K Res. S.A. test        0.076 
A-K LM test statistic        1.56 
p-value        0.2117 
**Significance at the 1% level. 
*Significance at the 5% level. 
47Appendix G: Model Estimation Results for Detroit 
 








Ln Broadband Provision   1.1963** 3.3297** 2.7113**  1.1364  1.136** 
Ln Median Household Income  1.7552** 0.6599 1.2188**  1.6103**  1.6094** 
Urban Area  0.4327 0.0672 0.2481  0.3612  0.3607 
Percent White 
 -
0.5122** -0.0649  -0.4417  -0.3339  -0.3323 
Average Household Size   -0.5955*  -0.1203  -0.2563   -0.4562*   -0.4559** 
Percent Renter Occupied  2.0283** 0.8480  1.2429*  2.0544**  2.0544** 
Growth Population 18-65  2.1455** 1.7713* 1.8978**  2.1007**  2.1005** 
Highway Miles  0.0352* 0.0373  0.0356  0.0342  0.0342 
Distance from Airport  0.0029 0.013* 0.0088  0.0027  0.0027 







13.2124**   -14.7843**   -14.776** 
Rho (Spatial Lag)        -0.1581       
Lambda (Spatial Error)           0.3948  0.3813** 
                 
Adjusted R-squared/Pseudo R-
squared  0.7729 0.561 0.7152  0.7808  0.7808 
Breusch-Pagan  1.15             
Pagan-Hall test statistic     4.71          
Wu-Hausman F test     23.7393          
A-K Res. S.A. test        0.1398  ---  --- 
A-K LM test statistic        4.21  ---  --- 
p-value        0.0401  ---  --- 
**Significance at the 1% level. 
*Significance at the 5% level. 
 
48Appendix H: Model Estimation Results for San Jose 
 
   OLS 2SLS 
S2SLS 
Lag 
Ln Broadband Provision   2.7203** -5.3938 2.6037** 
Ln Median Household Income  0.8313* 4.9174  0.8003* 
Urban Area  0.5684 2.0175  0.5276 
Percent White 
 -
0.2641*  -1.0507 -0.7567 
Average Household Size  -0.3307 -7.8677 -0.3105* 
Percent Renter Occupied  2.9557** 7.5903 2.5133** 
Growth Population 18-65  2.0147** 3.7444 2.1163** 
Highway Miles  0.0231** 0.0649 0.0226** 
Distance from Airport  0.001 -0.1464 0.0115 








Rho (Spatial Lag)        0.2451 
Lambda (Spatial Error)         
          
Adjusted R-squared/Pseudo R-
squared  0.8434 0.8492  0.849 
Breusch-Pagan  6.05*      
Pagan-Hall test statistic     0.342   
Wu-Hausman F test     2.7352   
A-K Res. S.A. test        0.1095 
A-K LM test statistic        1.35 
p-value        0.2461 
**Significance at the 1% level. 
*Significance at the 5% level. 
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